Introduction
The world is becoming increasingly urbanised, with 70% of the global population projected to live in cities by 2050 compared to 52% in 2010 (UN-DESA 2011) . It is expected that most urban growth will be concentrated in the developing world, with urban population rising from 47% in 2011 to 67% in 2050 (UN-DESA 2011) . This trend has major social and economic consequences, including the marginalisation of rural areas and a concentration of economic activity in urban centres. In a developing country as Chile, more than 25% of the population lives in nine dense coastal urban cities, covering 46% of the country's urban land surface (INE 2012) . The concentration of human, financial and manufactured capital makes cities especially vulnerable to climate change (Revi et al. 2014; Rosenzweig et al. 2011) . For this reasons, knowing and understanding the baseline conditions of cities to carry out the adaptation process becomes critical to start thinking about adaption actions.
The IPCC (2014) defines adaptive capacity (AC) as "the ability of systems, institutions, humans, and other organisms to adjust to potential damage, to take advantage of opportunities, or to respond to consequences". AC could thus be seen as a set of enabling conditions that help drive successful adaptation in order to ensure the viability of economic and social activity and quality of life (Gallopín 2006; Smit and Wandel 2006) , and to reduce climate change vulnerability (Metzger et al., 2008; IPCC, 2014) . Spatially explicit vulnerability studies can support governance and decision-making by providing information to know and understand the basic underlying condition that allow a city to adapt to change.
AC is a relative concept, both in terms of spatial distribution and the way it responds in different contexts (Lemos et al. 2013) . AC is also an aggregated condition which can be explained through a series of determining factors and processes that affect the ability of a region, area or community to adapt (Smit and Pilifosova 2001; Metzger et al., 2006) . The IPCC Third Assessment Report (TAR) (Smit and Pilifosova 2001) was prescient in being the first to list a set of AC determinants: economic resources, technology, information and skills, infrastructure, institutions and equity. Since then, many studies have sought to expand and refine this list, through focusing on social, human and political capital, health, social status, perception of society as well as spreading mechanisms (Adger et al. 2004; Armitage and Johnson 2006; Brooks et al. 2005; Eakin and Lemos 2006; Smit and Wandel 2006; Tol and Yohe 2007) .
Many studies have constructed AC indices, from sectoral studies (e.g. for the agricultural industry in Australia (Fitzsimons et al. 2010) and Canada (Swanson et. al. 2007 )), to broader multi-sectoral national studies (e.g. the National Adaptive Capacity Index, NACI) (Vincent, 2007) . Acosta et al. (2013) provided European assessments, constructing an index based on three components: awareness, ability and action, as part of wider European climate-change vulnerability assessment (Metzger et al. 2008 ). This method was subsequently used in others studies (Greiving 2011; Juhola et al. 2012) . It has also been adapted for cities (EEA 2012; Swart et al. 2012) , an arena where there is a strong demand for suitable methods of analysing urban AC (Schauser et al. 2010 ). This paper builds on the work of Acosta et al. (2013) and Swart et al. (2012) to assess AC for the nine municipalities of the Concepción Metropolitan Area (CMA) in Chile. This research is the first to track the temporal and spatial distribution of AC in the recent past (for 1992 and 2002) through a fuzzy overlay approach with Geographic Information Systems (GIS). Using fuzzy set theory (Zadeh, 1965) in GIS allows for flexibility and transparency in the development of the AC index. Fuzzy logic is a multi-valued logic approach which involves the assignment of partial or intermediate values over a well-defined range (0 to 1). Thus allows the identification of varying degrees of AC (Acosta et al. 2008) . Fuzzy set theory can be used to represent the continuous nature of socioeconomic indicators and better addresses the inherent uncertainty and subjectivity of the data used in AC assessments (Acosta et al. 2013) . In turn, it allows the straightforward comparison of the spatial objects of different values by first creating standardised value ranges for them (Espada et al. 2013 ). This enables a comparison of differences in the AC level between municipalities and over time. GIS makes this analysis easier to implement, whilst also allowing flexibility in the combination of maps (Pradhan et al. 2011 ).
This research is framed around the following questions: a) what was the AC of each of the municipality in 1992 and 2002?; b) how did the AC of each municipality change between 1992 and 2002? and c) which indicators, components and determinants have the greatest influence on the calculation of the AC index for each municipality?. This approach can be readily applied in urban municipalities worldwide with some refinements based on the use of census-based statistics to develop the indicator framework. Our findings can help stakeholders and policymakers in municipalities, contributing to their understanding of the precondition for planned adaptation, supporting the situational analysis, the first step in the planning process for climate change in cities (Grafakos et al., 2015) .
Study Area and Methods

The Concepción Metropolitan Area
With just over 1 million inhabitants, the CMA is Chile's second city by population. Located in the coastal area of the Bío-Bío Region in the country southern-central area (Figure 1 ), it covers 2,077 km 2 , has 220km of coastline and comprises ten municipalities (listed in Figure 1) . The CMA has a warm-temperate coastal Mediterranean climate, with winter rainfall and high atmospheric humidity, and a dry season lasting from 4 to 5 months (Errázuriz et al. 1998 ). Muñoz 2012) , and the most recent earthquake and tsunami that affected the area in 2010 was one of the most devastating in recent times in the country (Fritz et al. 2011) . Consequently, the city's location changed once and the city has been rebuilt several times in response to natural disasters. As in many developing countries, the processes of reconstruction was in many cases unplanned and irregular, with lower-income families who lost their homes occupying risk areas in self-built poor quality housing.
Developing the adaptive capacity index
This research was structured around three stages as illustrated in Figure 2 . First, the overall indicator framework was developed through a critical review of the literature regarding AC and urban vulnerability. From this an aggregation framework of the indicators was established to calculate and create an AC index. Finally, sensitivity, uncertainty and correlation analyses were carried out to evaluate the robustness, relevance and significance, respectively, of the selected indicators for the model outputs (see Appendix A5). All analyses were done in ArcGIS v10 (ESRI, 2012) . Table 1 presents the selected indicators, these indicators were defined based on a literature review, experience of local stakeholders and data availability. Appendix A1 presents a detailed description of the CMA indicators. Further criteria for indicator selections included the availability of a reliable 20-year time series from 1982 to 2002 for each municipality. Schauser et al. (2010) and Swart et al. (2012) presented an extensive review of indicators that was used to study urban AC. Frequency of official reviews of master plan Institutions MSD b Source: NIS -National Institute of Statistics. MSD -Ministry of Social Development. ME -Ministry of Economy. MH -Ministry of Health. Previous examples of using particular indicators: (1Acosta et al., 2013; 2Brooks et al., 2005; 3Cutter et al., 2003; 4EEA, 2012; 5Greiving, 2011; 6Juhola et al., 2012; 7Klasen and Schüler, 2009; 8Posey, 2009; 9Swart et al., 2012) .
Stage 2: Standardisation and Aggregation of indicators through fuzzy logic
Standardisation of Indicators
Before fuzzy aggregation can take place the first step is the standardisation of each indicator into a range of 0-1, with indicator values closer to 1 reflecting a greater contribution to AC.
The attribute values for all the indicators were each transformed using linear or non-linear "fuzzy membership functions" to create standardised indicator values within the common range 0-1. According to the different ways that each indicator is thought to influence the capacity of a municipality for adaptation, four fuzzy membership functions were used to standardise the actual ranges of each indicator data into fuzzy membership values from 0 to 1. Membership values close to 1 reflect a greater ability for adaptation, whilst membership values approaching 0 indicate the contrary. A positive linear function (either increasing or decreasing) was used to standardise most indicators for which actual minimum and maximum values for Chile were available, in order to represent an assumed positive or negative linear relationship between a change in the indicator and a change in AC. For example Female activity rate, Tertiary qualification, Capacity to undertake research, Patents, Transport, Physical housing conditions, Informal networks and Master plan updates were all standardised using a positive linear membership function, because as these indicator values increase, the population in an urban area is generally considered to have greater opportunities to adapt successfully to climate change. Similarly, a negative linear relationship was applied to the Distance to hospital facility since populations with greater distances to travel to medical facilities are considered to have lower ability to cope with disasters such as flooding. However, it was not possible to use a linear function to characterise some relationships where there was not enough robust data to determine true minimum and maximum values for the membership function; sometimes only a midpoint value (e.g. a national average) was available. In those cases the functions 'Fuzzy small' and 'Fuzzy large' were used instead, since these two membership functions allow a relationship with AC to be characterised based on knowledge of a known midpoint value and an approximate idea about the possible range of values that the indicator could have and how AC would vary across this range. Fuzzy large and small functions are more suitable in these cases because they are less sensitive to uncertainties about the extreme values of an indicator, and more sensitive to deviations above and below a known midpoint. For these reasons, Fuzzy small was applied to standardise Income Inequality, Literacy rate gap, Poverty and Dependency ratio, since although each of these are known to have an inverse relationship with AC, accurate maximum and minimum values for these indicators are not published and only median values exist. Using similar reasoning, Fuzzy large was used to model the assumed positive relationships between Hospital beds, Physicians, Income per-capita and Municipal Budget for which again, only median values are available.
Aggregation of indicators
Figure 4 presents the conceptual model of the three components of AC (i.e. awareness, ability and action), and the six determinants (i.e. equity, knowledge, technology, infrastructure, economic resources and institutions) which are constructed from the set of 17 individual indicators. For example, following the work of Acosta et al. (2013) equity and knowledge were used as determinants of awareness. While ability seeks to evaluate the potential of a society to design, develop, implement and maintain adaptation measures. Acosta et al. (2013) describe Technology and Infrastructure as the determinants for ability. Finally Action refers to the availability of social, economic and institutional resources that allow the implementation of adaptation actions. Our research utilised the terms Economic Resources and Institutions as determinants adapted from other research (EEA 2012; Greiving 2011; Juhola et al. 2012) .
Once the membership values were assigned to each indicator, fuzzy overlay functions were used to conduct three stages of aggregation ( To accomplish the process of aggregation, various Fuzzy Overlay Functions in ArcGIS 10 (detailed in Appendix A4) were evaluated. GAMMA function was deemed most appropriate for taking multiple inputs into consideration as it does not simply return the value of a single membership set, as do Fuzzy OR and Fuzzy AND, neither does it give greater influence to a single variable, as do Fuzzy SUM and Fuzzy PRODUCT. This is fundamental since when one is assessing AC the combination of the evidence is usually more important than any single input. In this regard, Lewis et al. (2014) indicates that the "GAMMA function provides the best combination of evidence while other overlay methods gave too much weight to single variables at a given location while downplaying others". Further discussion on the relative merits of using the GAMMA function for aggregating multiple sources of information can be found in (Ki and Ray 2014; Malins and Metternicht 2006; Vafai et al. 2013 ). In fuzzy GAMMA, when the gamma (γ) value is set near to 1 the result is more similar to a fuzzy SUM, whilst when GAMMA is set near to 0 the result is similar to a fuzzy PRODUCT. To have a superior comparative representation of the differences in the level of AC across the urban area, outputs of overlays were tested using a sensitivity analysis for values of (γ) in the range [0, 1] in increments of 0.1. Values of (γ) below 0.5 were found to give too much weight to the indicator which had the lowest values, creating values that were unrealistically low, whereas values of (γ) > 0.9 gave too much weight to the single indicator with the highest membership values. For values of (γ) between 0.6-0.8 these effects tend to decline and the resulting values of the overlay tend to produce results which fall within the range of values of the input indicators and take the full range of indicators into account. In this study, for all our aggregations, we consistently used γ =0.7 because From the sensitivity analysis this was found to maintain the results of the aggregation within the initial values of the indicators, which assisted interpretation, whilst also maximising the range of output values, which enabled greater differentiation between the municipalities in terms of their AC. Using a constant gamma value also enabled comparative analysis for the different time periods for all the municipalities. The detailed results of the sensitivity analysis and testing of the full range of GAMMA values to reduce potential distortions or inadvertent weighting of certain variables are presented in Appendix A3.
Results
Determinants, components and adaptive capacity index
First level of aggregation: CMA determinants The results show contrasting values between determinants in each period and an overall increase in the value of the determinants between 1992 and 2002. Only equity is shown to have very similar values in both periods, with a small decrease in the municipalities of Tomé and Lota, due to an observed increase in income inequality. Knowledge is the most important determinant to reflect increased AC for most municipalities. By contrast, economic resources, institutions and infrastructure were revealed as determinants that lowered urban AC. The relatively high level of knowledge in relation to other determinants is explained by the high level of literacy rate present in all municipalities. Knowledge is only constrained by the low levels of tertiary qualifications that the majority of the municipalities display, with the exception of Concepción and San Pedro de la Paz, which are higher. Low values of economic resources are in turn determined mainly by indicators of poverty and per capita income. The low values for institutions are likely due to the combined effects of low municipal budgets and a lack of master plan updates. Moreover, the low values for infrastructure are mainly explained by the low availability of health services (i.e. doctors and hospital beds per thousand inhabitants).
According to the analysis of the determinants, as of 1992 the municipalities with the highest values were Concepción and Talcahuano, while Lota, Hualqui and Tomé had lower values. By 2002, Lota, Hualqui and Tomé still had the lowest values, while San Pedro de la Paz showed the highest values. Lota, Hualqui and Penco are among those with the lowest values for almost all determinants in both periods. The indicators related to economic resources and infrastructure were the lowest for Lota, Hualqui and Penco, though they show a relatively high level of equity. This is likely because they present a combination of low per capita income and a low level of income inequality, (i.e. the population in these municipalities was equally poor) with the exception of Lota in 2002 which showed an increased level of income inequality.
Concepción presents the highest values in all the determinants for the study periods of 1992 and 2002. San Pedro de la Paz presents the highest income per capita values while also showing the highest levels of income inequality for 2002. Knowledge levels remain mostly constant through the study period excluding in Concepción for both 1992 and 2002 and San Pedro de la Paz in 2002 which present increased levels for knowledge. This relative constancy in the knowledge determinant appears to be mainly due to the combination of low levels of tertiary qualifications and high levels of literacy rate among the municipalities. Figure 6 shows that all the municipalities increased their levels for the components awareness, ability and action from 1992 to 2002. This is more apparent for action and less for awareness as the latter appears more constant over time and comparatively higher than ability and action. For 2002, Coronel, Lota and Hualqui have the highest increase for ability and action. This increase is likely explained by the improvement in economic resources and infrastructure, while Concepción and Tomé show less overall improvement over the period, which is mainly explained by the low increase in both economic resources and institutions.
Second level of aggregation: CMA components
On average the CMA showed an increase in all components during the study period of 1992 -2002. More specifically, there were increases in awareness of 34%, in ability of 153%, and 193% for the action component over the studied period. One interpretation that can be drawn from this research is that during the decade of 1992-2002, the CMA had greater increases in the action component for almost all municipalities, with the exception of Hualqui. The ability component also presents an improvement in the pre-condition states suitable for urban adaptation, as most of the municipalities increased their values over this 10-year period.
Increases in action and ability are explained primarily by the overall economic improvement in the country as a whole during the 1990s. Figure 6 . The three main components of AC by Municipality (1992 Municipality ( -2002 . Blue, green and red denote awareness, ability and action, respectively.
When the variation of the absolute value of a component with respect to its distance from the maximum value (1) is analysed, Concepción, San Pedro and Talcahuano are the closest to the maximum value (1), while Hualqui, Lota and Tomé are furthest away. Generally for all the municipalities, awareness is closer to 1, while ability is generally further away from the maximum. Whilst displaying progress within the municipalities, it is possible to observe that only Concepcion, Talcahuano and San Pedro exceed the average of 0.5, and the other six municipalities are below the average. Figure 7 shows that for 1992, Concepción, Talcahuano and Tomé and those with higher AC and Hualqui, Lota and Penco are those with the lowest. An AC ranking (i.e. municipalities were arranged from highest to lowest level of AC) reveals that for 2002 the municipalities with higher and lower levels of AC remains the same. However, with the creation of San Pedro de la Paz and Chiguayante, the municipalities in the middle position changed their relative position in the ranking, placing San Pedro de la Paz as the second municipality (replacing Talcahuano) and Chiguayante in the fifth position over Tomé. The other municipalities maintain their positions, though the most notable change was seen between Hualqui and Lota with a decrease of 20%.
Third level of aggregation: CMA Adaptive capacity index
Over the period of analysis the differences between all municipalities decreased. The relative change shows that in 1992 the percentage difference between the AC of the municipalities with the highest value and lowest value was 349%. In 2002 this gap decreased to 224%, which means a decrease in the inter-municipality gap of 125%. Meanwhile, the AC index of the CMA has increased on average by 160%. Municipalities with lower values of AC experienced the greatest increases over the period. For example, in Coronel the index increased by 201%, Hualqui by 186%, and in Lota by 176%. By contrast, Concepción, which has the highest levels of AC, increased by 106%. 
Discussion
Assessing the adaptive capacity
This research demonstrated the potential of urban indicators to represent the conditions that we currently understand as constituting AC. Selected indicators help to understand baseline conditions and its evolution in each municipality, which is important for starting a planned adaptation process. They are useful for simplifying complex but typical urban realities by summarising information and facilitating comparison between municipalities (Malone and Engle 2011). They also allow the identification of adaptation hotspots and the monitoring of AC over time, which is relevant for climate policy (Engle 2011) . The indicators also proved to be valuable tools for communicating results (Malone and Engle 2011) . Through the creation of the set of indicators this study extends growing knowledge on urban AC indicators.
To construct the AC index different membership functions and fuzzy overlay functions were studied. We found that the positive and negative linear functions and fuzzy small and large best represent how the indicators influence AC. The linear functions were based on maximum and minimum values on a national level, while the small and large functions used national average values. This was done to give a realistic approach to the determinants as well as to allow the subsequent calculation of the indicators in other municipalities in country. From this first process, it was possible to establish that the CMA presents low values for most of the determinants. This is due to comparison with national urban values which, in the case of Chile, are driven by the metropolitan area of Santiago (e.g. Santiago has 0.37 full-time academics per thousand inhabitants while the CMA had 0.26 in 2002), thus highlighting strong inequalities on a national level which are also observed within the CMA.
The GAMMA function allowed the most effective aggregation of determinants to components, and then to the AC index. GAMMA allowed us to explore the relationships between multiple input criteria, which is critical because in the adaptation process the combination of evidence is often more important than any single input. Unlike other overlay functions, GAMMA takes into account all the indicators in the process of aggregation, better integrating low and high membership from multiple eligibility criteria. Similar results have been highlighted by Lewis (2014) , who showed that the GAMMA fuzzy overlay function best recognises trade-offs between combinations of multiple criteria. Sensitivity analysis showed that the best value of aggregation is γ = 0.7, since this value allows the maximum differentiation between the municipalities of the CMA. While lower (0 to 0.5) and higher values (0.8 to 1) of GAMMA reduced the spread and for the other values the process of aggregation resulted in indicator values lower than any entry criterion.
Limitations
There are also uncertainties and limitations related with this kind of indicator-based approach. Indicator selection is based on assumptions related to current knowledge regarding adaptive capacity. Therefore, changes in the selection of indicators can modify index results (Brooks et al. 2005; Juhola et al. 2012) . Interdependence between indicators, duplication (i.e. redundancy), indicator aggregation, as well as the assignation of inappropriate weight in the aggregation process can also produce uncertainties since these intricacies could hide the real factors behind adaptive capacity (Metzger et al. 2005; Swart et al. 2012) . To partially address these uncertainties and make the process of aggregation transparent, an extensive literature review was conducted, which was combined with reliable data to build the set of indicators, followed by the overlay sensitivity analysis to find the most suitable GAMMA value.
Also, the use of a generic indicator framework, may limit the applicability of the model with regard to the evaluation of specific adaptation measures (e.g. urban adaptation to floods). While it is argued that the factors that determine AC are different according to the hazard (Tol and Yohe, 2007) . This research did not take into consideration hazard-specific AC. However, the determinants here explored, are relevant to explore the enabling conditions for adaptation for different hazards. Additionally, this research focuses on the assessment of the set of enabling conditions for planned adaptation at the urban scale, and thus did not directly assess the capacity of autonomous unplanned adaptation nor the individual abilities to adapt.
Improvements and recommendations
Further analysis should identify the components, determinants and indicators that influence most the ability to adapt, shedding light on the drivers of AC in the urban context nationwide. These are likely to change depending on the urban context and time, but in conjunction with an impact assessment, they may show specific areas that require deeper study.
It is also necessary to re-evaluate the indicators that represent AC through time, because in a developing country the socioeconomic factors that explain the AC can change very fast. For instance, between 1992 and 2002 the 'literacy rate' indicator lost significance to assess the adaptive capacity, as it grew from 88% to 95%, and by 2020 it is expected to be 98%. Consequently, indicators such as 'tertiary education' become more significant to assess the awareness among the factors that explain the AC. Monitoring AC is therefore relevant not just to see changes in its spatial distribution across a city, but also to identify the most appropriate set of indicators. New census of population and housing can provide the information needed to re-evaluate AC and see if there are other indicators in the same circumstances or if new indicators could be more significant to represent the AC.
The hierarchical structure used in this work, has advantages from an operational point of view if structured correctly (including reduction of indicator interdependence). However, in the future, when a greater understanding of the phenomenological relationship between indicators exists, this aspect can be improved, for example, by adding some concepts of network theory which have already been applied in biology, computer science and social sciences as suggested by (Melorose et al., 2015) . Since it provide some insight in the complicity in the possible relationship between indicators.
Adaptive capacity in the CMA
Results highlight strong differences observed between rich and poor municipalities in the CMA. All municipalities show a general increase in AC for the study period. This is explained by the economic growth experienced in the country in the 1990s. The spatial distribution patterns of the AC index do not show significant changes between 1992 and 2002. Thus, municipalities maintain their relative positions. The low level of AC presented by poor municipalities implies that processes to alleviate the potential impacts of climate change through increased AC will not always be simple, since it will first be necessary to address the adaptation gap between rich and poor municipalities. Poor communities in developing countries face even more challenges than the rest of society (Patt et al. 2010; Poumadère et al. 2005 ; UN-ISDR 2002) since they present a historical deficit of adaptation (Burton 2004) . This adaptation deficit is explained not only by their economic condition but also by their location and the inequalities rising from uncontrolled and unplanned urban sprawl seen in recent decades (e.g. socio-economic residential segregation) (Henríquez et al. 2006; Hunt and Watkriss, 2010) . These areas today are mostly ill-equipped for adaptation, with weak local governments, and insufficient infrastructure and services to reduce risk and vulnerability to climate change (Satterthwaite et al. 2007 ).
Contribution and applications
There are several reasons why this type of evaluation can be considered useful to vulnerability assessments and adaptation policies with regard to climate change in urban areas. Results derived from it can support a broader dialogue on the future of climate adaptation, paying special attention to the areas that require more support throughout the adaptation process (e.g. for more specific purposes such as studies on AC in the face of heat waves in the light of an aging population). Identifying AC by taking into account location and specific urban conditions provides a better understanding of vulnerability, in particular for locally-oriented adaptation measures.
The analysis at the municipal scale of city complexes provides information suitable for the design of urban policies. In addition, it facilitates access to information, since statistical and spatial information is usually available down to the municipal scale. As adaptation measures are usually implemented on a local level by local governments, it is necessary to explore AC at this scale to identify the strengths and weaknesses faced by local governments (Preston et al. 2009; Eriksen and Kelly 2006) . O'Brien (2006) suggests that a high AC on a national level may not necessarily translate into high AC locally. In turn, Glaas et al. (2010) argues that the lack of legislation on a national level may hinder local action, while Juhola and Westerhoff (2011) argue that the lack of legislation on a national level could impede the flow of resources to different scales. Therefore, high quality information on a local level and coordination between different levels of government are needed to successfully address the process of adaptation on a city scale (Heidrich et al., 2016) . The AC index created and presented in this research provides information on an urban scale which favours the development of plans and urban policies of adaptation which are normally framed in the National Adaptation Plan.
The structure of the index into three components, Awareness, Ability and Action, allows a simple examination of the various components in relation to each other. This type of analysis is necessary because it emphasises the differences that can be seen in urban areas in developing countries such as the CMA. In these urban areas there are significant local variations, which are clearly shown by the components and determinants, demonstrating that this design eases communication of the results. The methodology here developed is highly transportable, being applicable for other cities around the world, particularly since similar datasets are available in other countries and fuzzy aggregation processes can be applied, providing the limits of the functions are determined specifically for the urban context in question. Moreover, the model design incorporating ArcGIS, a widely used tool, which support a transparent and a straightforward aggregation process; in turn allowing flexibility in the combination of maps. This favours implementation in other urban areas around the world. In addition, the model design allows integration with impact models on vulnerability assessment. The model design also allows future application with climate and global change scenarios, thus allowing analysis and comparison of the costs and benefits of long-term climate change and climate policy to society.
Conclusion
This paper assesses the capacity for generic adaptation in the CMA based on the aggregation of available indicators through a Fuzzy-based model, which successfully tracked how AC and its components and determinants change over time and across the study area. The main findings of this work were that fuzzy modelling has a high flexibility in the data aggregation process, combining different fuzzy membership functions and testing different fuzzy overlay functions. The Fuzzy GAMMA operator was found to be an effective function for displaying the differences in AC between the CMA municipalities. In addition, the partial membership model outputs reflect a realistic measure of continuous factors of the dynamics of AC across the CMA. The model development and result analysis in the GIS software ArcGIS environment was straightforward and demonstrates the benefits of fuzzy set modelling to future research in the field of vulnerability to climate change. The method here proposed to assess the urban adaptive capacity to climate change can be used by scientists, stakeholders and policymakers, in urban areas worldwide as a base to track spatially and temporally the adaptive capacity.
The model's results show that between 1992 and 2002, all the municipalities in the CMA increased their level of AC. The municipalities with lower levels of AC were those with highest increases over this period. The AC gap between the poorest and richest municipalities had been reduced by 2002. However, the relative differences in the levels of adaptation between municipalities were maintained over the decade. Our analysis also shows that of the three components of AC, awareness was the highest in all the municipalities in the study period, while action was the lowest. Action appears to have had the greatest influence upon the change in the overall AC over the decade, followed by ability and awareness.
